Pooling techniques, where multiple sub-samples are mixed in a single sample, are widely used to take full advantage of high-throughput DNA sequencing. Recently, Ranjard et al. [1] proposed a pooling strategy without the use of barcodes. Three sub-samples were mixed in different known proportions (i.e. 62.5%, 25% and 12.5%), and a method was developed to use these proportions to reconstruct the three haplotypes effectively. HaploJuice provides an alternative haplotype reconstruction algorithm for Ranjard et al.'s pooling strategy. HaploJuice significantly increases the accuracy by first identifying the empirical proportions of the three mixed sub-samples and then assembling the haplotypes using a dynamic programming approach. HaploJuice was evaluated against five different assembly algorithms, Hmmfreq [1], ShoRAH [2], SAVAGE [3], PredictHaplo [4] and QuRe [5]. Using simulated and real data sets, HaploJuice reconstructed the true sequences with the highest coverage and the lowest error rate. HaploJuice achieves high accuracy in haplotype reconstruction, making Ranjard et al.'s pooling strategy more efficient, feasible, and applicable, with the benefit of reducing the sequencing cost. Recently, Ranjard, et al. [1] proposed a pooling strategy that does not require the use of barcodes. 11
With the rapid advancement of next-generation sequencing technologies, it is possible to obtain several 2 gigabases of sequences in a single day. Given the huge volume of throughput, it is often cost-effective to 3 mix multiple sub-samples in a single sample for sequencing, a process called pooling. Several approaches 4 have been developed to demultiplex the sequencing reads from the mixture, i.e. assign reads to their 5 respective sub-samples. For example, a short unique identifiable sequence tag (i.e. barcode) is often 6 appended to each DNA molecule of the same sub-sample before pooling and sequencing. Subsequently, 7 the reads can be assigned to the appropriate sub-sample in the mixture based on their associated barcodes 8 [6] . However, the cost of the sequencing library preparation increases linearly with the number of required 9 barcodes.
10 Table 1 . The results of estimation on the sample proportions by HaploJuice. 100 data sets were simulated for each case.
Case Actual sample proportion Expected sample proportion f 1 f 2 f 3 (Average ± Standard deviation) 1 0.5 0.4 0.1 0.50 ± 0.001 0.40 ± 0.001 0.10 ± 0.001 2 0.5 0.3 0.2 0.50 ± 0.001 0.30 ± 0.001 0.20 ± 0.001 3 0.6 0.3 0.1 0.60 ± 0.001 0.30 ± 0.001 0.10 ± 0.001 4 0.7 0.2 0.1 0.70 ± 0.001 0.20 ± 0.001 0.10 ± 0.001 mixture of reads. Other methods [2] [3] [4] [5] that also use reference sequences to align short reads, have been 21 developed to recover sequences in mixtures, where the number of sub-samples and the corresponding 22 proportions in the mixtures are unknown. For instance, ShoRAH [2] implements local-window clustering 23 to recover the constituent sequences (or "haplotypes") in a mixture. SAVAGE [3] uses an overlap graph 24 and clique enumeration to reconstruct multiple haplotypes. PredictHaplo [4] uses Dirichlet prior mixture 25 model, starts local reconstruction at the region of maximum coverage and progressively increases the 26 region size until it covers the entire length of haplotypes. QuRe [5] uses sliding windows and reconstructs 27 the haplotypes based on multinomial distribution matching heuristic algorithm [8] 28
In this paper, we focus on the pooling strategy [1] proposed by Ranjard et al. but our method, however, 29 does not assume any prior knowledge on the sample proportions; instead, we assume that the number 30 of sub-samples in the mixture is known. We compute the sub-sample proportions directly from the 31 mixture of reads. Based on the estimated sample proportions, we use multinomial model and dynamic 32 programming to construct multiple haplotypes simultaneously. HaploJuice, which is an extension of 33 Hmmfreq [1] , considers all possible combinations for assigning local sub-sequences to haplotypes, and 34 selects the combination with the highest overall likelihood. We evaluate HaploJuice against five different 35 assembly algorithms, Hmmfreq [1] , ShoRAH [2] , SAVAGE [3] , PredictHaplo [4] and QuRe [5] , using 36 simulated and real data sets in which three sequences are mixed in known frequencies. Based on our 37 results, HaploJuice reconstructs sequences with the highest coverage of the true sequences and had the 38 lowest error rate.
39

Experimental results
40
HaploJuice first identifies the underlying sub-sample proportions from a mixture of reads and, second, 41 reconstructs the haplotypes using these estimated proportions. As with Hmmfreq it requires an alignment 42 of short-read sequences against a reference sequence. In our analysis, all reads are aligned to the reference 43 sequence using Bowtie 2 [9] .
44
Simulated datasets were used to evaluate our methods. Four hundred data sets were simulated and 45 each data set was a mixture of three sub-samples. The three sub-samples were mixed under various 46 proportions: 5:4:1, 5:3:2, 6:3:1, and 7:2:1 (100 data sets each). 150-long pair-ended reads with total 47 coverage 1500x were simulated by ART [10] with the default Illumina error model from three 10k-long 48 haplotypes, which were generated by INDELible [11] using JC [12] model from a 3-tipped tree with 0.05 49 root-to-tip distance randomly created by Evolver [13] from PAML [14] package.
50
After using Bowtie 2 [9] to align the reads against the root sequence (also reported from INDELible 51 [11] ), we ran HaploJuice to estimate the sub-sample proportions in the mixture. As shown in Table 1 , on 52 average, the estimated sub-sample proportions were the same as the actual proportions with standard 53 deviation 0.001. The method of estimation on the sub-sample proportions is, therefore, found to be 54 effective on these simulated data sets.
55
HaploJuice was then used to reconstruct the haplotype sequences for each data set based on the es-56 timated sample proportions. HaploJuice was compared to five different assembly algorithms, including 57 Hmmfreq [1] , ShoRAH [2] , SAVAGE [3] , PredictHaplo [4] and QuRe [5] . Note that SAVAGE, Predic-58 tHaplo and QuRe do not have prior assumptions on the number of haplotypes, whereas HaploJuice and 59 Hmmfreq do. MetaQUAST [15] was then used with default parameters to evaluate the contigs, which 60 3.0 ± 0.0 9975 ± 6.8 9971 ± 6.5 99.7 ± 0.0 0.001 ± 0.004 hmmfreq [1] 3.0 ± 0.0 9855 ± 6.8 9850 ± 6.3 98.5 ± 0.0 0.276 ± 0.254 shoRAH [2] 30. 8 3.0 ± 0.0 9854 ± 5.6 9849 ± 6.2 98.5 ± 0.0 0.210 ± 0.214 shoRAH [2] 25.2 ± 5.9 9837 ± 115.0 9808 ± 113.3 97.4 ± 4.8 0.749 ± 0.516 SAVAGE [3] 11.2 ± 3.0 9971 ± 20.9 419 ± 260.5 53.9 ± 6.3 0.001 ± 0.006 PredictHaplo [4] 2.0 ± 0.0 9991 ± 3.5 9984 ± 4.7 66.7 ± 0.0 0.089 ± 0.025 QuRe [5] 3.9 ± 3.0 ± 0.0 9976 ± 6.1 9971 ± 6.3 99.7 ± 0.0 0.005 ± 0.048 hmmfreq [1] 3.0 ± 0.0 9855 ± 6.2 9850 ± 6.7 98.5 ± 0.0 0.240 ± 0.220 shoRAH [2] 20.2 ± 4.7 9835 ± 115.0 9812 ± 106.4 93.8 ± 11.2 0.912 ± 0.630 SAVAGE [3] 15.2 ± 3.0 9974 ± 10.6 708 ± 161.7 65.1 ± 7.0 0.001 ± 0.005 PredictHaplo [4] 2.0 ± 0.0 9991 ± 3.8 9984 ± 4.7 66.7 ± 0.0 0.088 ± 0.021 QuRe [5] 3.6 ± 1.8 6787 ± 1333.0 7121 ± 809.6 28.4 ± 11.2 0.319 ± 0.535 were resulted by all the software, against the true sequences. Table 2 shows the summary of the perfor-61 mance of different methods on the simulated data sets. On average, HaploJuice reconstructed contigs 62 over 99.7% haplotype coverage, which was the highest among all the methods. When checking the error 63 rates (i.e. the percentage of bases in the contig sequences having mutations or indels when compared 64 against with the real haplotypes), HaploJuice was less than 0.005% on average. It was the lowest among 65 the software which reconstructed contigs over 90% haplotype coverage. In conclusion, HaploJuice is 66 shown effective from the simulated data sets. Apart from the simulated data sets, mixtures of reads from three kangaroo sub-samples [1] were 68 also used to evaluate the performance of the methods. These reads [1] were obtained by short read 69 sequencing of three mitochondrial amplicons on an Illumina platform. The sub-samples were mixed in 70 the proportions: 0.625, 0.25, and 0.125 during the library preparation, and the total coverage of reads 71 is 1600x. There is a total of 30 data sets; 10 data sets for each amplicon (three amplicons in total).
67
72
All the reads were aligned against the corresponding amplicon regions on the reference mitochondrial 73 sequence [16] (Genbank accession number NC 027424) by Bowtie 2 [9] . The alignment file is the input of 74 HaploJuice and the estimated sub-sample proportions are listed in Table 3 . Although the sub-samples 75 were intentionally mixed in the proportions 0.625, 0.25 and 0.125, variations on the estimated proportions 76 were noticed. For example, for the data sets of amplicon 3, the estimated proportions were 0.646, 0.251, 77 and 0.103 on average. The variation between the estimated proportions and the expected proportions 78 was 6.2% on average, ranging from 0.3% to 17.9%. This revealed the fact that the actual sub-sample 79 proportions in the mixture may be differ from expectation, when the sub-samples are mixed manually 80 during the library preparation.
81
HaploJuice as well as the other five methods, including Hmmfreq [1] , ShoRAH [2] , SAVAGE [3] , 82 PredictHaplo [4] and QuRe [5] , were used to reconstruct the three haplotypes for each amplicon region 83 from the mixture of kangaroo reads. MetaQUAST [15] with default parameters was used to evaluate the 84 resulting contigs against the true haplotypes inferred by deep sequencing [1] . Table 4 shows the summary 85 on the performance of different methods. On average, HaploJuice resulted in contigs with the highest 86 haplotype coverage for all amplicons (97% for amplicon 2 and over 99% for amplicon 1 and 3) among 87 all the methods, and with the lowest (or one of the lowest) error rate among the methods with contigs 88 over 90% haplotype coverage (on average, 0.05% for amplicon 1, 0.02% for amplicon 2, and 0.01% for 89 amplicon 3). Thus, HaploJuice is shown effective from these real data sets.
90
When comparing the running time between different methods on the Kangaroo data sets, HaploJuice 91 was the fastest, averaging 0.14 minutes for each data set, while other software took from 4 to 139 minutes. 92 The summary is shown in Table 5 .
93
Discussion
94
In order to decrease the cost of sequencing, Ranjard, et al. [1] proposed a pooling strategy to mix sub-95 samples in specific known proportions thus simplifying library preparation by removing the need for 96 barcode sequences. According to their experiments on mitochondrial amplicons from three kangaroo 97 sub-samples mixed in proportions 0.625, 0.25, and 0.125, they found that the three haplotypes could be 98 reconstructed effectively using these known frequencies. However, they found that variation of the ratios 99 of sub-samples when mixing due to stochastic experimental effects can decrease the accuracy of haplotype 100 reconstruction. Our research provides an alternative haplotype reconstruction algorithm for Ranjard et 101 al's pooling strategy. We show that estimating the empirical proportions of the mixed sub-samples, prior 102 to the reconstruction the haplotype sequences, significantly increases the accuracy of the approach. As 103 shown from the simulated data sets and the real data sets, our method can, first, accurately identify 104 the underlying sub-sample proportions from a mixture of reads and, second, reconstruct the haplotypes 105 according to these estimated proportions.
the same multinomial distribution. If a region on some haplotypes is very different from the reference 118 sequence, reads from this region may not align to the reference, and the induced read coverage for those 119 haplotypes may decrease substantially. The bias in the induced read coverage ratio can cause misleading 120 results, because of its deviation from the common multinomial distribution. Therefore, this method is 121 designed for the pooling strategy applied on the sub-samples that align well with the reference sequence. 122 HaploJuice assumes that the number of haplotypes is known in advance. There is no equivalent 123 assumption with ShoRAH [2] , SAVAGE [3] , PredictHaplo [4] and QuRe [5] . Nonetheless, these are the 124 only available software for haplotype reconstruction from a pool of reads originating from a mixture of 125 different sub-samples. We expect that the effectiveness of haplotype reconstruction using these methods 126 are also likely to be improved if the number of haplotypes is known in advance. One reasonable approach 127 to assemble the reads from a sample with unknown number of haplotypes is therefore to develop a 128 statistical method to estimate the number of haplotypes from a mixture of reads, and then reconstruct 129 the haplotypes using our method according to this estimated number of haplotypes.
130
Conclusion 131
HaploJuice is designed for the reconstruction of three pooled haplotypes from a mixture of short sequenc-132 ing reads obtained under the strategy proposed by Ranjard, et al. [1] . As shown from the simulated 133 data sets and the real data sets, HaploJuice provides high accuracy in haplotype reconstruction, thus 134 increasing the estimation efficiency of Ranjard et al.'s pooling strategy.
135
Methods
136
Estimation of sample proportions 137
HaploJuice requires an alignment of short-read sequences against a reference sequence. All reads are 138 aligned to the reference sequence using Bowtie 2 [9] . Only the reads which are aligned at unique positions 139 on the reference are considered. The alignment of each read has a starting and an ending position on 140 the reference. A sliding window approach is used.
141
Let W be the set of overlapping windows. For each window w ∈ W , we collect the reads that 142 are aligned across the whole window. We extract the corresponding sub-sequences according to the 143 window's bounds, and obtain the set of unique sub-sequences T w = {t w1 , t w2 , ...} and the frequencies 144 G w = {g w1 , g w2 , ...} where g wi is the number of reads with subsequence t wi . The sub-sequences inside 145 T w are sorted in decreasing order of frequencies.
146
Say n sub-samples are pooled with unknown proportions f 1 ,f 2 ,...,f n where f 1 > f 2 > ... > f n . 147 When there is no sequencing error and each sub-sample is from a unique haploid sequence, each sub-148 sample should produce only one subsequence in T w . In those regions where two or more sub-samples 149 are identical, the sub-sequences originating from these sub-samples will be the same. For each sliding 150 window, the number of possible combinations of n samples producing sub-sequences, i.e. the number of 151 possible partitions of a set with n different elements (where each element represents a sub-sample, and 152 the elements in the same partition are regarded as the sub-samples producing the same sub-sequences), 153 is the Bell number B n [17] . Each case will lead to different expected frequencies of the sub-sequences. 154 However, under real sequencing conditions, the number of sub-sequences in each window may be 155 greater than n, because some erroneous sub-sequences are created by sequencing errors. We assume that 156 the frequencies of erroneous sub-sequences are always lower than that of real sub-sequences. For each 157 window, we only consider the top-n most frequent sub-sequences. Table 6 lists the expected frequencies 158 of the sub-sequences for all cases when n = 3.
159
Let p ki be the i-th expected frequency for case k. Assume the observed frequencies of the sub-160 sequences in a window w ∈ W follow a multinomial distribution. The likelihood value for the window 161 w, (L(w)), is computed as follows: Table 6 . The expected frequencies of top-n most frequent sub-sequences for a mixture from 3 samples. This is a total of B 3 = 5 cases. f e and f e ′ are the proportions of erroneous sequences.
Case Expected frequencies of sub-sequences 1
prob(top n observed frequencies in window w|case k)prob(case k) = k mult(g w1 , g w2 , ..., g wn ; n, p k1 , p k2 , ..., p kn )prob(case k)
The probability of the case k (i.e. prob(case k)) is estimated by the following equation:
And the overall log-likelihood value (logL) for all the windows w ∈ W is:
The optimal values of f 1 ,f 2 ,...,f n ,f e ,f e ′ are computed such that the overall log-likelihood value (logL) 165 is maximum. In practice, the following constraints are used: f 1 ≥ f 2 ≥ · · · f n ≥ f e ≥ f e ′ and f e ≤ 166 b, where b is an upper limit for the frequency of an erroneous subsequence. The estimated sample 167 proportions are the optimal values of f 1 ,f 2 ,...,f n .
168
Reconstruction of haplotype sequences 169 The next step is to reconstruct the haplotype sequences according to the sub-sample proportions esti-170 mated in the previous step. We assume that each sub-sample is generated from a unique haploid sequence 171 (i.e. haplotype). If we can identify the corresponding sub-sequence of each haplotype for every sliding 172 window, then the haplotype sequences can be reconstructed by combining the sub-sequences from all 173 the windows. However, in practice, it is not obvious, because the real sub-sequences are usually mixed 174 with erroneous sub-sequences caused by sequencing errors. Moreover, multiple haplotypes may share 175 the same sub-sequence and the observed frequencies of the sub-sequences may deviate from expectation 176 at some positions.
177
A dynamic programming approach was used to reconstruct multiple haplotype sequences simulta-178 neously, by considering all the cases for each window, and choosing the best arrangement with the 179 maximum likelihood value.
180
Consider a sliding window w ∈ W and the top-n most frequent sub-sequences (i.e. t w1 ,t w2 ,...,t wn ) 181 in the window. Since each haplotype can generate one sub-sequence, there are n n possible cases to 182 We begin from a starting window w s ∈ W and consider all possible n n assignments in w s . Then 196 we consider the left and the right windows besides w s , and continue until all the windows have been 197 considered. The optimal construction of n haplotypes is the set of compatible assignments for all the 198 windows with the maximum log-likelihood value. The following dynamic programming approach is used 199 to compute the optimal compatible assignments for all the windows.
200
Given a starting window w s ∈ W , define ζ(k s , k t , w t ), where w t ∈ W ,1 ≤ k s , k t ≤ n n , as the 201 maximum log-likelihood value of the optimal compatible assignments for the consecutive windows from 202 w s to w t with assignment A(w s , k s ) in window w s and assignment A(w t , k t ) in window w t . If s < t, the 203 assignment is proceeded from left to right, while if t < s, the assignment is proceeded from right to left. 204 Without loss of generality, considering the situation that the haplotype assignment is proceeded from 205 left to right, the recursive formula of ζ(k s , k t , w t ) is defined as: where like(w t , k t ) is the likelihood value of the observed frequencies of the sub-sequences in window 207 w t when assignment A(w t , k t ) is selected. 208 
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Let q ki be the i-th largest expected frequency for case k. 209 like(w t , k t ) = mult(g wt1 , g wt2 , · · · , g wtn ; n, q kt1 , q kt2 , · · · , q ktn ) ∝ n i=1 (q kti ) gw t i Therefore, 210 ζ(k s , k t , w t ) ∝ max k such that δ(A(wt−1,k),A(wt,kt))=1 ζ(k s , k, w t−1 ) + n i=1 g wti log(q kti )
In order to increase the accuracy of the haplotype construction, we reconstruct the haplotypes starting 211 from a relatively reliable window wŝ with much dissimilarity between the haplotypes. When n = 3, we 212 locate the window wŝ which have the greatest value of likelihood value for the case when each haplotype 213 is assigned to different sub-sequence. Let the first and the last window on the haplotype region be w 1 214 and w last . The haplotypes are constructed in both directions from the window wŝ to the beginning and 215 to the ending of the haplotypes, respectively. Considering the different case kŝ for the starting window 216 wŝ, the log-likelihood value of the optimal set of compatible assignments for the whole haplotype region 217 is:
